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Abstract

Analyzing how climate change has affected forest growth is crucial for predicting future
dynamics and adapting forest management to future climate change. In this paper, we
investigate how climate change has modified stand dominant height dynamics and site
index of 20 European tree species. We used an innovative method based on an annual
height increment equation to model stand dominant height as a function of climate back to
1872 and of other stand environmental conditions. We used these models to simulate stand
dominant height dynamics and site index under two different climates (prior to climate

change and actual recent climate) to analyze the impact of climate change over the past
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century. To build our models, we combined the recently published FYRE long-term climate
database, which provides daily data since 1871, with data from more than 17,000 forest
stands of the French National Forest Inventory network. Higher temperature, precipitation
and climatic water balance generally favor stand dominant height dynamics when the
variables are considered separately. However, the positive effects often saturate at the
higher end of the variable distribution. Over the past century, the effect of climate change
on the site index has varied widely among species, ranging from a decrease of less than 3%
to an increase of more than 5%. The effect of climate change has also varied within species,
with more positive effects on initially temperature-limited stands for some species. For the
species and environmental conditions considered, our results highlight a positive response
of site index to past climate change for most species, albeit with between- and within-
species differences. Our results also suggest that this positive response could become
negative under continued climate change. These conclusions, as well as the quantitative
relationships we provide between climate and stand dominant height dynamics or site

index, will help design management strategies to adapt forests to climate change.

1. Introduction

In the context of rapid climate change, indicators used in forest management should take
into account the impact of climate change on forest dynamics. This is a prerequisite for

implementing management strategies that promote adaptation to climate change.

Stand productivity, defined as “the potential of a particular forest stand to produce

aboveground wood volume” (Skovsgaard and Vanclay, 2008) is a key indicator for forest
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management (Socha et al., 2020). Since it largely depends on climatic and soil factors, it is
important to develop models assessing the impact of climate change on site productivity. In
pure even-aged stands, the average height of the tallest trees, defined as “dominant height”,
is an interesting indicator to analyze stand productivity. In such stands, the increase in
stand dominant height indeed correlates with stand volume growth and is largely
independent of stand density, provided that thinning is not done from above (Skovsgaard
and Vanclay, 2008). A common indicator of stand productivity in pure even-aged forest is
therefore site index, defined as stand dominant height at a given reference age, e.g. at 100

years (Skovsgaard and Vanclay, 2008).

Stand dominant height dynamics and site index depend on environmental conditions
(Vallet and Perot, 2016; Sharma et al., 2015; Scolforo et al., 2020). It is therefore important
to better understand how climate change affect both. Existing studies across a variety of
species and contexts have generally found a positive effect of higher temperature and water
availability on site index (e.g. Messaoud and Chen, 2011; Brandl et al. 2018; Gonzalez-
Rodriguez and Diéguez-Aranda, 2021) and stand dominant height dynamics (e.g. Vallet and
Perot, 2016). However, the sign and magnitude of climate effect vary among species and
environmental conditions (Albert and Schmidt, 2010; Pau et al., 2022) and the positive
effects of temperature or precipitation may saturate when they reach a certain level (e.g.
Brandl et al.,, 2018). Such climate-growth relationships have been well studied for some
iconic European tree species such as Picea abies (L.) H.Karst or Fagus sylvatica L.. However,
climate-growth relationships are scarcer for other species such as Quercus pubescens Willd.,
Fraxinus excelsior L. or Larix decidua Mill,, and it would be useful for forest managers to

have information for a larger number of species.
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The site index for a given site depends on the year of establishment of the stand, in relation
to changes in climate, atmospheric CO2 concentration, or N deposition (Sharma et al. 2012;
Socha et al, 2021; Messaoud et al, 2022). Bontemps et al. (2012) even found that
environmental changes during stand lifetime influence the stand dominant height
dynamics, suggesting that the site index evolves during stand lifetime. However, to our
knowledge, empirical quantitative relationships on the scale of stand lifetime between on
the one hand stand dominant height dynamicsor site index and on the other hand climate
change are still lacking for many species. Such relationships would be very useful for forest

management to anticipate short-term effects of climate change on stand productivity.

One challenge in establishing these relationships is relating stand dominant height
observations to climate data at the scale of the year (or a few years). One solution would be
to relate annual (or multi-year) climate data to height data at the same temporal resolution.
Such high-frequency height data come mainly from stem analysis (Bontemps and Bouriaud
2014). However, stem analysis often focuses on a low number of species and comes at the
cost of a small number of observations (Bontemps and Bouriaud 2014). This may limit the
ability to identify a relationship between climate and stand dominant height, and this may
limit the range of climate conditions to which the relationship applies. In contrast, national
forest inventories (NFIs) provide large-scale, spatially intensive, randomly sampled data
from forest stands and include a large number of species (Bontemps and Bouriaud, 2014;
Aguirre et al,, 2022). They therefore allow the detection of climate impacts under different
resource limitations (Charru et al., 2017). National forest inventories have been used to
infer relationships between climate and site index (Brandl et al., 2018) and between climate

and stand dominant height dynamics (Vallet and Perot, 2016; Stimm et al., 2021). However,
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these inventories generally do not include annual series of age and height measurements
from the year of establishment. This makes it difficult to study the effects of climate change
over the lifetime of stands, and generally leads to building stand dominant height models
based only on an aggregate equation linking mean climate to observed stand dominant

height (Vallet and Perot, 2016).

Spatial heterogeneity in climate influences the effects of climate change on stand dominant
height dynamics and site index for a given species or between species. For example, Albert
and Schmidt (2010) showed that Picea abies site index responded more negatively to
climate change in water-limited environments and Fagus sylvatica site index responded
more positively to climate change in temperature-limited environments. Generalizing such
results to a larger number of species could help to design forest adaptation strategies to

climate change.

This paper has three main objectives: first, to develop species-specific models linking
climate to stand dominant height dynamics for a large number of European tree species,
capable of capturing the impact of climate variation during stand life and accounting for
non-linear climate effects; second, to analyze the effect of each climatic variable on site
index; third, to assess the impact of climate change over the past century on stand dominant

height dynamics and site index.

To this end, we developed an original modeling strategy that takes into account the
influence of annual climate on stand dominant height dynamics even without repeated
measurements of stand dominant height. This strategy allowed us use the data from the

French National Forest Inventory (IGN, 2022) and thus to calibrate our models on more
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than 17,000 stands covering a wide range of species and climate conditions. This modeling
strategy relies on the reconstruction of an unobserved stand dominant height trajectory
from stand origin based on initial stand dominant height, stand age, and a theory-based
stand dominant height increment equation (Tomé et al., 2006; Bontemps et al.,, 2009)
incorporating annual climate. This approach relies critically on the long-term FYRE climate
database, which dates back to 1871 (Devers et al., 2021). We then used these models to
assess the impact of climate change during the past century by comparing simulated stand
dominant height dynamics (and site index) under two scenarios: with a climate prior to

climate change and with actual climate.

Based on these stand dominant height models taking into account annual climate and the

associated simulations, we examined the following question:

e Question 1: How do individual climatic variables influence stand dominant height

and site index? We tested the following hypotheses:

- Hypothesis 1: Higher temperature, precipitation and climatic water balance
during spring and summer favor site index, but these positive effects may
saturate beyond a certain value, and in the case of temperature may even be

reversed.

e Question 2: What was the effect of climate change on stand dominant height and site

index during the last century? We tested the following hypotheses:

- Hypothesis 2a: Climate change has had a different effect (sign and magnitude)

depending on the species during the period considered;
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- Hypothesis 2b: For a given species, the effect of climate change during the

period considered varied depending on the climate context of the stand.

2. Materials and methods

2.1. General approach

For each of 20 European tree species, we built a species-specific model to relate observed
stand dominant height (SDH) to (i) SDH at the stand establishment date, (ii) climate data
series from the stand establishment date, and (iii) other site variables. We then used these
models to simulate the SDH dynamics of each stand for a period of 70 years under a
reference climate representing the climate before climate change (1891-1920 mean
climate) and under the actual climate of the recent period (1950-2020 climate series). This
allowed us to evaluate the impact of climate change on SDH dynamics during the last
century. We then computed simulated site index as simulated SDH at the age of 70 years.
Therefore, simulated site index depends on stand climate history, which enabled us to study

the impact of climate change on site index.

2.2. Data used for modeling and simulation

2.2.1. National Forest Inventory data and variables

We used data from the French National Forest Inventory (IGN, 2022) from 2006 to 2020.
Each year, 5000 to 6000 temporary forest plots are measured throughout the French
metropolitan territory, through a progressive survey of a grid with a resolution of 1 km.

This ensures uniform coverage of the territory for each measurement year. For each stand,
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the NFI data provides canopy cover per tree species and forest vertical structure (even-
aged or uneven-aged forest), determined within a 25m-radius circle. Dominant trees are
defined as the six largest-diameter trees in a 15m-radius circle. Age and height are
generally measured for two of these dominant trees, referred to as “measured dominant
trees” in the rest of this section. In some specific configurations (a single living tree, or high-
value trees that could not be cored), a single dominant tree is measured. Supplementary
Material A give some details on these data, which are described in detail in IGN (2022) and

in Vallet and Perot (2016).

2.2.2. Stands and species selection

We considered even-aged pure stands. We defined a stand as even-aged if (i) the NFI
labeled it as such, and (ii) in case two dominant trees were measured, the difference in age
between the oldest measured dominant tree and the youngest measured dominant tree is
below 25% of the age of the youngest measured dominant tree. The latter condition
ensured that all dominant trees in the stand share roughly the same history. We considered
a stand to be pure if all of the following conditions were met: (i) a single species represents
more than 75% of the canopy cover, (ii) both measured dominant trees belong to the same
species, and (iii) the species with the highest canopy cover had the highest basal area. We
excluded stands with incomplete data (cf. section 2.2.4 and 2.2.5 for the list of explanatory
variables) and stands whose establishment date was older than the depth of the climate
data, namely 1871 (cf. section 2.2.3. for the calculation of stand establishment date). Finally,
we considered the 20 species with the highest number of observations in the NFI database.

We ended with 17,462 stands. For 15,802 of them, age and height were measured for two
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trees, and for the others, age and height were measured for a single tree. Table 1 shows the
list of species studied together with the corresponding number of stands. We show the

geographic repartition of the stands per species in supplementary materials (Fig. A.1).

2.2.3. Calculation of stand age, stand dominant height at observation date and stand
establishment date

Following Assmann and Davis (1970), we defined SDH as the average height of the 100
biggest trees within a hectare. To get SDH over an area of n hundred-square-meters (n <
100), SDH has to be computed as the mean height of the n-1 biggest trees to correct for
sample bias (Vallet and Perot, 2016). According to the French NFI protocol, the two
measured dominant trees are selected within the six biggest trees over a 7 hundred-square-
meters surface, so the mean height of these two trees provides an unbiased estimate of SDH
at the observation year (Vallet and Perot, 2016). Therefore, we calculated SDH at the
observation year as the mean height of the two measured dominant trees. We defined
stand age as the average age of the two measured dominant trees. We defined stand
establishment date as the NFI observation year minus stand age. The NFI protocol defined
tree age as the number of years between the date when the tree height was 1.3 m and the
observation date. Therefore, at the stand establishment date, SDH was always 1.3 m. When
age and height were measured for a single tree, we considered stand age and SDH to be
equal to respectively the age and height of that tree. This still provided us with an unbiased
estimation of stand dominant height. Damaged trees were excluded from our calculation. If
NFI stand surveys were conducted between January and April of year ¢, the stand had not

yet benefited from the spring and summer growing season of that year, so we considered



213  the observation year to be t — 1. Table 1 shows the SDH distribution, stand age distribution

214  and stand establishment date range per species.



Stand establishment
SDH (m) Age (year) date
Number
Species of Mean s.d Mean s.d. Min Max Min Max
stands
Abies alba Mill., 1768 817 25.5 6.2 72.7 33.6 9 147 1871 2002
Betula pf;‘gg'a Roth, 106 16.0 45 31.2 16.5 4 83 1932 2009
Carp'““f%‘?“'“ L, 97 19.5 4.9 63.4 25.5 11 125 1885 2003
CaSta”effeag“’a Mill., 440 17.7 4.8 43.9 26.1 5 141 1871 2013
Fagus sylvatica L., 1753 1,470 23.4 7.2 83.1 35.0 8 147 1871 2006
Frax'“usls’é%e's'or L. 334 21.6 6.9 50.9 28.2 6 131 1875 2011
Larix decidua Mill., 1768 151 19.0 6.1 67.5 36.0 7 137 1873 2009
Picea abies (L.)
H.Karst., 1881 1,338 22.9 6.6 42.7 22.5 7 145 1871 2011
Picea sitchensis (Bong.)
Carriere, 1855 143 22.3 6.9 31.0 10.3 5 63 1944 2013
Pinus ha'le7p6e8“5's Mill., 344 12,5 3.9 50.1 23.6 6 137 1875 2010
Pinus nigra subsp. nigra
J.F.Amold, 1785 413 15.0 5.3 53.2 29.3 6 135 1881 2012
Pinus nigra var.
corsicana (Loudon) Hyl., 526 16.0 5.9 30.6 20.3 4 146 1871 2015
1913
Pinus pinasier Alton. 2,424 16.8 6.5 30.3 20.8 2 132 1876 2018
Pinus sylvestris L., 1753 1,551 15.8 5.9 59.3 27.6 5 144 1873 2011
Pseudotsuga menziesii
(Mirb.) Franco, 1950 1,449 24.1 8.6 30.6 13.0 4 110 1910 2015
Quercus petraea (Matt.)
Liebl., 1784 2,472 22.2 6.1 80.6 33.4 7 149 1871 2010
Quercus pubescens
Willd.. 1805 1,019 13.9 4.3 67.6 25.0 7 145 1871 2006
Quercus robur L., 1753 2,105 20.7 5.4 70.3 30.9 8 149 1871 2006
Quercus rubra L., 1753 114 18.5 6.2 26.4 16.3 4 81 1930 2006
ROb'”'aLpSf;‘sdsf’acac'a 149 18.0 5.1 32.3 18.0 5 94 1916 2014

215 Table 1: Calibration data. Only stands with complete data and with establishment date from 1871 are considered.

216 NFI data contain a single SDH measure for each stand. s.d. : standard deviation

217 2.2.4. Climate data and climate variables

218 We used temperature and precipitation data from the FYRE database (Devers et al., 2020a;

219  2020b; 2021) for the period 1871-2012 and the Météo France SAFRAN database (Vidal et
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al., 2010) for 2013-2020. This temporal depth was necessary to cover the full stand life
span observed in our data. The Safran data consist in an interpolation merging observations
and background data over 608 climatologically homogeneous zones covering metropolitan
France, then disaggregated onto a 8 km grid taking into account altitude (Devers et al,,
2020). FYRE data consist in a reanalysis over the same 8 km grid, assimilating observation
into the SCOPE background (Devers et al., 2020). The FYRE data include 25 climate series,
which represent equally plausible meteorological series (Caillouet et al., 2019). We used the
average of these 25 climate series. For both the FYRE and SAFRAN data, we converted daily
data to monthly data by averaging daily temperature and summing daily precipitation. For
each grid cell, we computed the mean difference between FYRE data and SAFRAN data over
the period 1990-2012, and we added this difference to SAFRAN data over 2013-2020 to
correct for the bias between the two data sources. We used the 1990-2012 period to
compute the bias because it represents a compromise between having enough data and
covering a period close enough to the period over which we want to implement the
correction (namely 2013-2020). We then created a single gridded climate database by

concatenating FYRE data over 1871-2012 and SAFRAN unbiased data over 2013-2020.

To derive the temperature series at each NFI site, we corrected the grid-based climate data
for an elevation gradient following Devers et al. (2020). For each of the 608 homogeneous
climate areas, we defined an altitude gradient by fitting a linear model between the mean
temperature and the mean altitude of each grid cell. In case there was less than three grid
cells in a homogeneous climatic area, we grouped these cells with the cells of the closest
homogeneous climatic area. We used this gradient to correct the climate series for each NFI

site, based on the difference between the NFI site elevation and the corresponding grid cell
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elevation. We applied a similar procedure to determine precipitation at each NFI site.
Because elevation correction for precipitation is not relevant in lowland areas, we applied
the correction only when the difference between the NFI site elevation and the

corresponding grid cell elevation was greater than 300m (Devers et al., 2020)

To combine the influence of temperature and precipitation, we calculated a monthly
climatic water balance, defined as the difference between precipitation and potential
evapotranspiration (Lebourgeois and Piedallu, 2005). Potential evapotranspiration was
derived from monthly temperature and radiation using the Turc formula (Lebourgeois and
Piedallu, 2005). Monthly radiation without nebulosity was obtained following Piedallu and
Gégout (2007). Since this radiation varies little between years, we assumed that the
monthly radiation was equal to the monthly values for the year 2000. To account for light
interception by clouds, we corrected the radiation value with the average monthly
nebulosity between 1960 and 2019, following Piedallu and Gégout (2007). The nebulosity

data were taken from Harris et al. (2020).

We defined climate year t as the period from September of year t — 1 to August of year t.
We did this because growth during the growing season of year t can be influenced by
precipitation during the previous fall and winter (Bravo-Oviedo et al., 2008). This definition
led us to limit our analysis to the climate years 1872-2020, since the FYRE database starts

in January 1871.

For each stand and each climate year t, we calculated mean temperature, total precipitation,
and total climatic water balance for fall (September to November of year t — 1), winter

(December of year t — 1 to February of year t), spring (March to May of year t) and summer
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(June to August of year t) as well as for two semesters (September of year t — 1 to February
of year t and March of year t to August of year t) and for the entire climate year. We
calculated the annual sum of growing degree days (SGDD), defined as the sum of
temperature above 5.5°C over all days from January to December (Kunstler et al., 2021). In
this calculation, we approximated daily temperature based on the mean temperature of the

corresponding month. In total, we retained 22 climatic variables.

We defined a reference climate to represent the climate prior to climate change. For each
climatic variable, we defined the reference climate as the mean of the variable over the
period 1891-1920. Figure 1 shows the distribution of annual climatic variables per species
for the reference climate and climate anomalies over the recent period (1950-2020)

compared to the reference climate.

To calibrate our models, we standardized each of the 22 climatic variables per species by
subtracting the mean and dividing by the standard deviation. For each species, we
calculated the mean and standard deviation based on the distribution of each variable

across all stands of that species for the period 1872-2020.
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Figure 1: Reference climate per species (first row) and climate anomalies in the recent period

(1950-2020) compared to the average of the reference period (1891-1920) (second row), for

mean temperature (left), total precipitation (middle) and total climatic water balance (right).

A higher climatic water balance corresponds to a wetter climate. In the second row, the result

for a given year is obtained by averaging all stands, regardless of species.
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2.2.5. Non-climate environmental data s

The French NFI provides field data for soil texture, soil depth, rock presence, rock
emergence, slope and herbaceous species presence. We used NFI data on herbaceous
species presence to calculate bioindicated values for C:N ratio, P20s and soil pH (Gégout et
al,, 2005). We calculated a soil water holding capacity following Piedallu et al. (2018) based
on NFI data on soil texture, soil depth, and rock presence and emergence. This calculation
was not possible for soils labeled as “organic soil” in NFI data, so we excluded such stands
from the analysis (21 stands). Finally, NFI data do not provide field measurement of slope
for stands located on complex topography. Therefore, we excluded such stands from the
analysis (288 stands). Supplementary Material C provides details and summary statistics
for the 14 non-climatic variables (Tab. C.1 to C.4). To calibrate our models, we standardized
each of the non-climate environmental variables per species by subtracting the mean and
dividing by the standard deviation. For each species, we calculated the mean and standard

deviation based on the distribution of each variable across all stands of that species.



300 2.3. Modeling stand dominant height and site index as a function of

301 annual climatic variables

302 2.3.1. Model equations

SDH
A

SDHOI)S

SDH = SDHtobs

SDHyy

f(Xe)
SDH,

1,3m

v

t t+1
Stand < » tobs
establishment age
date

303
304  Figure 2: Modeling strategy to model stand dominant height (SDH) dynamics of a given stand.

305 Variables available in the NFI database or climate database are shown in bold: observed SDH
306 (SDH°Y%), stand observation year (t°’%), stand age (age) and annual environmental
307 conditions (X,). SDH is the modeled SDH at the time of observation and € is the modeling
308 error. From the stand establishment date (t°’S — age), we reconstructed the unobserved

309 annual trajectory of SDH (SDH;) year by year using a theory-based function (f) that relates
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the unobserved SDH increment between year t and t+1 to observed contemporary

environmental conditions.

The French NFI data do not include observations for annual SDH or SDH annual increment,
so it was not possible to model directly SDH increments as a function of annual climate. We
therefore used an indirect strategy (cf. Figure 2): for each species, we modeled SDH
observations (one per stand) as a function of the series of annual climatic stand conditions
from stand establishment date and of non-climatic stand conditions. Our model relies on
the fact that (i) SDH at a given age is the sum of annual SDH increments over the period
between stand establishment date and the age considered and (ii) annual SDH increments
can be described by a theoretical function of non-climatic conditions, climatic conditions

and SDH at the beginning of the period (Bontemps et al., 2009; Zeide, 1993).

Equation 1 describes for a given stand the relationship between observed stand dominant
SDH°?® and the series of SDH increment (ASDH,). In this equation, 1.3 meters is the stand
dominant height at the stand establishment date (cf. section 2.2.3), t°°® is the observation
year, age is the age, and € is a heteroscedastic Gaussian residual error. To take into
account increasing error with SDH, we assumed € ~ N(0,52SDH?®) where SDH is the

fitted value of SDH at the observation year for the stand under consideration, o is a positive

parameter independent of the stand and § is a scalar parameter independent of the stand.

tobs_1

SDH* = 1.3+ Y ASDH; + € (Equation 1)

t=t°PS_age

Equation 2 describes for a given stand how we replaced unobserved annual SDH increment

(ASDH,;) by a theoretical function of environmental variables and SDH at the beginning of
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the period. Zeide (1993) suggests writing SDH increment as the sum of an expansion term
fexp and a decline term fy,, to reflect catabolic and anabolic processes, respectively.
Among the equations presented by Zeide (1993), we chose the Chapman-Richards equation
because it reflects physiological processes, assuming that catabolic processes depend on
size, modified by a species-specific shape term f,, and that anabolic processes are size-
dependent (Tomé et al., 2006). To ensure the biological soundness of our models, we
imposed ASDH; > 0 to ensure that SDH does not decrease over time, for a given stand. In
exp

Equation 2, X,”" and Xgecl are the sets of explanatory variables at year t used to predict the

expansion and the decline terms, respectively.
ASDH, = max|0, for, (X™).SDHPO — froe (X3°¢Y).SDH,| (Equation 2)

We assumed that the expansion term was a species-specific function of the climate of the
year in which the increment occurred and of other environmental variables. We assumed
that the decline term was a species-specific function that depended only on temperature
variables. We made this choice because the decline term reflects respiration, and
respiration is primarily temperature dependent (Valentine, 1997). Finally, we assumed the
shape term S, to be a species-specific constant. We made f,,, and fze, non-divergent
following Anton-Fernandez et al. (2016): we expressed both f,,, and fs. as a species-
specific intercept (4, and C,, respectively), multiplied by a logistic function of the
explanatory variables (c¢f. Equation 3 and Equation 4). ¢ and y are species-specific
parameter vectors associated with the explanatory variables. We expect 4, and C, to be
positive, but we did not constraint the model to ease convergence. A posterior, we checked

that the parameter value was positive or that the parameter value was not significantly
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different from 0, using a p-value of 0.05 to define significance. In case there are no

explanatory variable for the expansion term (resp. the decline term), the logistic function in
equations 3 and 4 is replaced by a factor 0.5. This allows interpreting % (resp. %) as the

value of the expansion term (resp. decline term) for a stand at the species mean

environmental conditions.

_ exp(a.x*P) )
fexp(Xtexp) = Ao-m (Equation 3)

exp(y.XdeCl) .
fdecline(Xged) = Co-W (Equation 4)

Equation 5 gives the final model for a given species and a given stand.

tObS—i decl)

spH,Po — ¢, e

obs __ -/
SDH> =13 +7Y 0" Tromp (y T

exp(a.x;?)
max [O, Ag. Trex(@x™?)

SDH,|+¢ (Equation 5)

t=t°PS_age

2.3.2. Parameter inference and model selection

For each species, we calibrated the model presented in Equation 5 using the data presented
in section 2.2. For a given set of explanatory variables, we used the nlminb function in the
“stats” R-package version 4.2.0 (R Core Team, 2022) and the TMB R-package version 1.9.0
(Kristensen et al. 2016) to minimize the model negative log-likelihood (nll, given by
Equation 6) with respect to the species-specific parameters 4y, Cy, @, v, So- In Equation 6, n
is the number of stands for the species considered, i is a stand index and SDH, is the
prediction for stand i of the model given in Equation 5. The nlminb function allows
optimizing expressions without simple analytical form, and the TMB package makes the

computation faster.
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sDHPPS-SDH,
oSDH)

nll = g In(2m) + ¥, In (6SDH}) +% Z’i’zl( )2 (Equation 6)

For each species, we followed a stepwise variable selection process (Vallet and Perot, 2016;
Mina et al., 2018). In this process, we considered the standardized 22 climatic variables and
14 non-climatic variables. We also considered the square of each climatic variable and the
square of pH, C:N ratio and P20s indicator to identify potential saturation or non-monotonic
effects. At each step, (i) for each variable non-included in the model yet, we tested the
inclusion of the variable in the expansion term, (ii) for temperature variables, we also
tested the inclusion in the decline term and (iii) we selected the model that most decreased
the Bayesian information criterion (BIC). The BIC penalizes the inclusion of an additional
variable in the model more than AIC, which limits the risk of overfitting. We repeated this
process until the BIC reached its minimum. To avoid collinearity, we used a variance
inflation factor (VIF) (O’Brien, 2007). We excluded all models with variables with a VIF
greater than 2 from the model selection process. To avoid issues in parameter identification
due to the appearance of the same variable in both the expansion and decline terms, we
allowed a given temperature variable to appear either in the expansion or decline terms,
but not both. For Castanea sativa, Picea sitchensis, Quercus rubra and Betula pendula, we

excluded the qualitative variable reflecting the calcareous nature of the bedrock, because

more than 90% of the stands were on the same type of bedrock.
2.3.3. Assessment of model quality

To assess the risk of overfitting for each species-specific model, we calculated the difference
between model prediction error using data not used for calibration and model prediction

error using calibration data. We refer to this difference in prediction error as “model
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optimism”. To do this, we implemented a fivefold cross-validation. First, we randomly
divided our sample into five equally sized subsamples. Then we repeated the following
procedure for each subsample: (i) we considered this subsample as a validation subsample
and the remaining four subsamples as a single calibration subsample, (ii) we calibrated the
model presented in equation 5 on this calibration subsample and (iii) we calculated the root
mean square error (RMSE) over this calibration subsample and the RMSE over the
validation subsample and (iv) we defined an intermediate optimism indicator as the
relative difference between the RMSE calculated on the validation subsample and the RMSE
calculated on the calibration subsample. If the difference was negative, we considered it to
zero. We defined the final optimism indicator as the average of the five intermediate
optimism indicators. The higher the optimism indicator, the higher the prediction error
when the model was applied to new data compared to the error when it was applied to
calibration data. Details can be found in Supplementary Material D. We also calculated the
RMSE, root mean square percentage error (RMSPE) and bias of each species-specific model
when calibration was done on the whole sample (c¢f. Supplementary Material D for

calculation details).

2.4. Simulations to analyze the partial effect of climatic variables and
the effect of climate change on stand dominant height and site index
To analyze the impact of each climatic variable and climate change on SDH and site index,

we ran simulations based on the models we calibrated. To allow for interspecific

comparisons, we stopped the simulation at age 70 years, which corresponds to the lowest
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observed maximum age amongst our species (see Tab. 1). We therefore defined the site

index as SDH at age 70 years.

For each species, we analyzed the partial effect of each variable, defined as the effect of a
variation in that variable on site index, holding all other variables constant. To do this, we
simulated the site index using the model developed in 2.3, while varying the variable from
the 0.05 to the 0.95 percentile of its species-specific range. We defined this species-specific
range as the distribution of annual values of the variable from 1872 to 2020 over all stands

of the species. For these simulations, we set all other variables to their mean values.

We then analyzed the impact of climate change over the last century, taking into account
the simultaneous evolution of the different climatic variables. For each species, we
simulated the SDH dynamics of each observed stand under the pre-climate change
reference climate (1891-1920 mean) and under the actual climate of the recent period
(1950 to 2020 climate series). We analyzed the impact of climate change on both (i) the
shape of the SDH trajectory and (ii) the percentage variation of the site index between the

recent and the reference climates.

3. Results

3.1. Importance of climatic variables

Some climatic variables were selected in our models for all species except Pinus nigra subsp.
nigra and Picea sitchensis. Species differed in the type of variable selected (temperature,
precipitation, climatic water balance, SGDD) and the season of the year for which the

variable was selected. Non-climate environmental characteristics such as C:N ratio, soil pH,
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slope were often selected in the models. Detailed parameters are given in Supplementary

Material G (Table G. 1).

3.2. Performance of the models

Depending on the species, the RMSE varied between 2.4 m and 3.8 m and the RMSPE varied
between 14.3% and 29.9% over the stands used for calibration, while bias was null for all
species (cf- Supplementary Material, table D.1). Model optimism decreased with increasing
number of calibration points and was below 10% for all species with more than 200

calibration stands (cf. Supplementary Material Fig. D.1).

3.3. Partial effect of climatic variables on site index

Higher temperature, precipitation, and climatic water balance during spring and summer
generally favored the site index, defined as SDH at 70 years (Figure 3). For a large number
of species and variables, site index reached a maximum value and then saturated at the
upper end of the variable range. The decrease in site index at the upper end of the variable
distribution for some species and variables is quite weak. We also found a positive
saturation effect of fall and winter temperature for three species. We found more
contrasting results for fall and winter precipitation and climatic water balance, with a
positive saturating effect for some species, optimal values for other species, and a negative
effect for other species. The magnitude of the partial effect depended on the species and the
variable. Spring and summer temperature and precipitation generally had the most positive
effects. Our results show an outlier behavior for Castanea sativa: for this species, summer

temperature had a negative effect on the site index.
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Figure 3: Partial effect of climatic variables on site index. Each graph represents site index (y-axis) as a function of climate (x-axis).
Each color represents a species. Each column corresponds to a specific season, each line corresponds to variable. First line:

temperature (mean temperature of the period for the six first columns, and annual sum of growing degree days for the seventh



462  column), second line: precipitations, third line: climatic water balance. In each graph, only the species for which a climate effect

463  was found are represented. See the Material and Methods section for an explanation of how partial effect was calculated.



464 3.4. Effect of climate change on stand dominant height over the past

465 century

466 3.4.1. Effect of climate change on stand dominant height dynamics

467  We simulated SDH dynamics for each species under both the actual 1950-2020 climate and

468 the reference 1891-1920 average climate. To illustrate,
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469
470  Figure 4 compares the SDH dynamics for Abies alba. After 40 years of almost no effect, the

471  effect of climate change became positive. This positive effect was more pronounced at the
472  lowest levels of productivity, where productivity is defined as the site index under the
473  reference climate. We found a similar pattern for Fagus sylvatica and Picea abies

474  (Supplementary Material Fig. E.1), but other species showed contrasting responses.

475
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Figure 4: Simulated SDH dynamics for actual recent climate (solid line, climate series 1950 to
2020) and reference climate (ribbon, average climate 1891-1920) for Abies alba stands.
Stands were grouped into three categories according to their productivity, defined as site
index under the reference climate: productivity quantiles 0.05 to 0.15 (green), 0.45 to 0.55

(blue) and 0.85 to 0.95 (red).

3.4.2. Interspecific responses to climate change

The median impact of climate change on the site index was positive for 15 species, negative
for three species, and null for two species (Figure 5). The positive impacts were generally
stronger than the negative impacts: the median impact was above 3% for four species,
while only Castanea sativa had a negative impact below 3%. We did not find a general
interspecific pattern linking the mean climate impact to the species’ climate niche prior to

climate change (cf. Supplementary Material F, Fig. F.1 and Fig F.2).
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Figure 5: Climate change effect on site index. Boxplots show the distribution of climate
change effect over NFI stands for each species. Climate change effect was calculated as the
relative difference between the simulated site index under the actual recent climate (1950-
2020 climate series) and the reference climate (1891-1920 average). For each species, the
number of calibration stands is given above the box. Outliers are not shown. Intraspecific

response to climate change

We found intraspecific variation in the effects of climate change on the site index (Figure 5).
For six species, the median impact was positive, but the first quartile impact was negative.
For nine species, the effect of climate change on the site index was positive at the cold edge

of the species’ temperature range and negative or close to zero at the warm edge (Figure 6).
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Figure 6: Climate change effect on site index as a function of mean annual temperature over
the reference period (1891-1920). Boxplots show the distribution of climate change effect on
site index across the NFI stands for each species. The effect of climate change was calculated
as the relative difference between the simulated site index under the actual climate (1950-
2020 climate series) and the reference climate (1891-1920 average). The x-axis represents the
average climate of the stand over the reference period (1891-1920). For Betula pendula,

Fagus sylvatica and Pinus halepensis, some whiskers extend beyond the box; their values are
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given at the extremities of the corresponding boxplots. Outliers are not shown. Boxplots in

white are based on fewer than 10 stands.

4. Discussion

In this paper, we analyzed the impact of past climate change on SDH dynamics and site
index for 20 common European tree species and we analyzed interspecific and intraspecific
differences in SDH and site index response to climate change. In the discussion, we first
point out the interest of our modeling approach; we will emphasize some limitations of this
approach; then we comment on the partial effect of climatic variable on site index; then we
discuss the impact of climate change during the last century on SDH dynamics and site

index, and finally we elaborate on implications for management.

4.1. Interest of the approach

To our knowledge, this is the first time annual SDH trajectories have been empirically
modeled for 20 species, taking into account annual climate over the past century. We
achieved this by combining French NFI data and FYRE long-term climate data, and by using
a theory-based annual SDH increment equation. The FYRE data allowed us to model SDH
dynamics for stands as old as 150 years while accounting for annual climate. The French
NFI data include a large number of stands per species and cover a large climatic gradient,
which allowed us to identify climate effects. Different stand age classes at the time of stand
observation allowed us to partially decorrelate age with date. The French NFI data provided
us with field measurements of non-climatic variables to use as covariates, limiting potential

bias due to overrepresentation of older stands on infertile sites (Socha et al., 2021). The
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theory-based SDH increment equation we used ensured that our approach was biologically

consistent (Tomé et al., 2006).

Our approach has operational advantages over stem analysis. Stem analysis requires
intensive field sampling for each stand, and is generally conducted in the context of a
specific study. The number of stands used in stem analysis studies can therefore be quite
limited (Bontemps and Bouriaud, 2014) although some studies are based on a large number
of stands (Socha et al., 2021; Pau et al, 2022). In contrast, the French NFI data are
representative of the species’ distribution in the study area. They cover a large climatic
gradient and include numerous stands of common species. Our approach allowed us to
derive SDH-dynamics models for rarely studied species such as Larix decidua, Quercus
pubescens and Fraxinus excelsior. The main advantage of stem analysis over our approach is
that it provides a temporal series of SDH measurements, whereas our approach relies on a
single SDH measurement. Stem analysis also provides more accurate height measurements
compared to NFI data. In the future, it would be interesting to compare our simulated SDH
dynamics with observed SDH dynamics and with SDH dynamics simulated by a model

based on stem analysis.

The RMSE we found are in the same order of magnitude as in other studies based on NFI
data (Seynave et al.,, 2008; Sharma et al., 2012) but higher than in studies based on stem
analysis (Socha et al,, 2021). The optimism of our models is generally low, indicating good
robustness, especially for species with a large number of calibration stands. Parameter

values for species with high model optimism should be used with caution.
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4.2, Limits of the approach

The NFI data do not provide information on stand history. This forced us to make several
assumptions. First, we assumed that the dominant trees at observation time had been
dominant throughout stand development. This is a common assumption in SDH studies.
Second, we assumed that SDH dynamics were independent of competition history. This is
justified for a wide range of densities (Skovsgaard and Vanclay, 2008). The inclusion of a
competition variable could still be interesting (Vallet and Perot, 2016). Third, we did not
include interactions in our models because this could have led to overparameterized
models. Fourth, we did not include nitrogen deposition in our model because due to a lack
of historical data. This variable has been identified as an important driver of SDH in the late
20t century (Bontemps et al, 2011). As a proxy, we included the C:N ratio at the
observation date in our models. This allowed us to account for spatial heterogeneity, but
not temporal changes. Atmospheric CO2 concentrations are sometimes considered to be an
important driver of the increase in tree growth during the last century, but this role is still
under debate, especially since the positive effect may be restricted to young stages (Asshoff,
Zotz, and Korner, 2006; Boisvenue and Running, 2006; McDowell et al., 2020). We did not
include this variable in our models because it would have created a temporal trend that
could have prevented us from identifying the effect of climatic variables. Because we did not
properly disentangle the effects of climate, atmospheric nitrogen deposition, and
atmospheric CO2 concentration in our models, some of the effect we attributed to climate
could be related to the other two factors. Complementing this study with process-based

models may be useful to disentangle these effects.
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4.3. Partial effect of climatic variables on site index

Our results regarding the partial effect of climatic variables confirm our hypothesis 1 that
an increase in temperature, precipitation and climatic water balance during spring and
summer favors the site index, but that these positive effects may saturate when the climatic
variable reaches a certain level. However, contrary to our hypothesis, our results do not
clearly show a negative effect of temperature above a certain threshold. Indeed, the
decrease of site index at the upper range of the variable distribution for some species and
variables is not very pronounced and may simply reflect the fact that we integrated

saturation and non-monotonic effects in the model using a quadratic form.

For commonly studied species, our results are largely consistent with the literature,
especially (i) the generally positive effect of temperature and SGDD (Albert and Schmidyt,
2010; Alvarez-Alvarez et al. ,2011; Gonzalez-Rodriguez and Diéguez-Aranda, 2020), (ii) the
generally positive effect of precipitation and climatic water balance (Vallet and Perot, 2016;
Stimm et al, 2021), (iii) the saturation effect beyond a certain level of temperature
(Seynave et al. 2008; Caicoya and Pretzsch, 2021; Pau et al., 2022) or precipitation (Brandl
et al,, 2018) and (iv) the existence of interspecific differences in the climatic variables and
seasons affecting SDH (Vallet and Perot, 2016). Table 2 compares the species-specific
effects we found with those reported in the literature for the five most common European
tree species, as listed by (Mahnken et al., 2022). The present work allows to extend such
results to species for which, to our knowledge, the climate - SDH relationship has hardly

been studied yet, such as Larix decidua, Fraxinus excelsior or Quercus pubescens.

These effects on site index are consistent with the expected response based on tree

physiology. The positive effects of higher spring and summer temperature probably relate
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to an increase photosynthetic efficiency or a lengthening of the growing season (Brandl et
al., 2018). Saturation may occur because temperature is no longer the limiting factor, or
because high temperature increase evapotranspiration and hydric stress, and reduce
photosynthesis (Lindner et al., 2010; Anderson-Teixeira et al.,, 2022). The lack of a clear
signal of negative effects of temperature above a certain level may relate to the fact that
such extreme temperature have only occurred in recent years, and therefore their effects
are not well captured in our multi-decadal modeling strategy. The negative effect of high
winter temperature for some species may relate to disturbance of bud break or high winter
respiration (Seynave et al., 2008). The generally positive impact of spring and summer
precipitation and climatic water balance, and the saturation of this positive effect at the
wetter edge of the range, may be related to a positive effect of relaxing the water constraint
only in water-limited environments. With respect to fall and winter precipitation and
climatic water balance, the interspecific diversity of responses suggests that species have
different levels of tolerance to water excess or develop under specific stand conditions.
Negative responses can be explained by nutrient depletion in the case of too much water
(Alvarez-Alvarez et al, 2011) or by snow damage (Seynave et al, 2008). The outlier
behavior of Castanea sativa (negative effect of summer temperature) could be due to the
impact of the chestnut ink disease, which can hinder tree growth, especially under drought
conditions (Maurel et al., 2001). In our dataset, this may have translated into a correlation

between the warmer and drier recent climate and less dynamic growth in young stands.



Species

Effects found in this study

Convergence with the
literature for some effects

Other effects found in the
literature

Picea abies

Fagus sylvatica

Pinus sylvestris

Quercus robur

Quercus petraea

summer temperature (+,
sat.)

summer water availability
(+, sat.)

GS temperature (+, sat.)

winter water availability (-)

summer water availability

(+)

spring temperature (+)
winter water availability
(opt.)

GS water availability (+,
sat.)

spring temperature (+, sat.)

winter water availability

(+)

Seynave et al. (2005),
Albert and Schmidt
(2010), Sharma et al.
(2012), Vallet and Perot
(2016), Ant6n-Fernandez
et al. (2016), Brandl et al.
(2018), Caicoya and
Pretzsch (2021)

Seynave et al. (2008),
Albert and Schmidt
(2010), Vallet and Perot
(2016), Brandl et al.
(2018)

Fries et al. (1998),
Sharma et al. (2012),
Anton-Fernandez et al.
(2016), Gonzélez-
Rodriguez and Diéguez-
Aranda (2021)

Pilcher and Gray
(1982)*, Stimm et al.
(2021)*

Pilcher and Gray
(1982)*, Vallet and Perot
(2016)

Seynave et al. (2005): spring
temperature (+), summer
temperature (-)
Anton-Fernandez et al. (2016):
summer water availability (opt.)
Brandl et al. (2018): winter
temperature (-)

Caicoya and Pretzsch (2021):
GS temperature (-)

Seynave et al. (2008): summer
temperature (-), winter
temperature (opt.)

Vallet and Perot (2016): July
water balance (+)
Anton-Fernandez et al. (2016):
summer water availability (opt.)

Pilcher and Gray (1982)*:
winter temperature (-), GS
temperature (+)

Stimm et al. (2021)*: summer
temperature (+, sat.)

Pilcher and Gray (1982)*: GS
water availability (+), winter
temperature (-)

Stimm et al. (2021)*: summer
temperature (+, sat.), GS water
availability (+)

Table 2: Comparison between the partial effects of climatic variables in our study and in the literature for the

five most common tree species in Europe. '+': positive impact; "-": negative impact; 'sat.' means that the effect

saturates at the higher range of the variable's distribution; 'GS': growing season (spring and summer); *:

studies that did not distinguish between Quercus petraea and Quercus robur, 'opt.": optimal value. 'Water

availability' refers both to precipitation and climatic water balance.
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4.4, Analysis of climate change during the last century on stand

dominant height

Our models allow us to compare SDH dynamics under the actual recent climate (1950 to
2020) with the climate before climate change. For some species, the effects of climate
change were small in the first decades of the simulations and positive thereafter. This
relates to a period of relative cooling in France between 1950 and 1990, followed by a
period of strong temperature increase (cf. Figure 1). Such temporal variations in the effects
of climate change support the relevance of modeling SDH dynamics while taking into
account climate variations during stand life. At the final simulation age of 70 years, the
effect of climate change on SDH varied between species and between stands for a given
species. In the following sections, we analyze first the interspecific and then the
intraspecific variation of the site index in response to climate change, where site index Is

defined as SDH at the age of 70 years.

4.4.1. Interspecific analysis

Our results confirm our hypothesis 2a that climate change during the last century has had
different effects on different species, both in terms of sign and magnitude. The increase in
the site index over the period considered for the majority of species studied is consistent
with an increase in forest productivity over the last decades (Boisvenue and Running, 2006;
Bontemps et al. 2009; Messaoud et al., 2022). Together with nitrogen deposition and CO2
increase, climate change is a key driver of recent changes in forest growth in Europe

(Boisvenue and Running, 2006; Bontemps et al. 2009; Charru et al. 2017).
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Interspecific differences in the effect of climate change on SDH may be related to differences
in species ecology, but also to interspecific differences in the pre-climate change climate
niche and the actual climate change experienced by the species (cf Figure 1 and
Supplementary Material Fig. B.1 and Fig. B.2). We did not find a clear pattern linking the
species-specific mean effect of climate change on site index to species-specific mean initial
climate niche (c¢f. Supplementary Material Fig. F.1 and Fig. F.2). This suggests that species
ecology and experienced climate change are also key drivers of this effect. Studying another
growth variable and fewer species, Charru et al. (2017) found that species-specific mean
changes in basal area increment between 1982 and 2005 could be related to species-
specific mean initial climate niche, with a more positive effect for species that initially
experienced the coldest temperature and highest precipitation. When focusing on the same

species as Charru et al. (2017), our results suggest such a pattern.

Our results shed light on past limitations to species growth and provide insight into future
impacts of ongoing climate change. Over the period we considered, climate change affected
all species in two ways: increasing annual and summer mean temperature as well as
decreasing summer precipitation and / or climatic water balance (c¢f. Supplementary
Material Fig. B.1 and Fig. B.2). Increasing temperature favor simulated height growth, while
decreasing summer precipitation or climatic water balance negatively affects growth (cf.
section 4.3.). The generally positive effect of climate change on the site index we found for
the period 1950-2020 compared to the climate of 1891-1920 probably reflects that most of
the species studied were temperature-limited in France during the period 1891-1920. Our
finding of a strong positive effect of climate change on mountain species (Larix decidua,
Abies alba, and to a lesser extent Picea abies) is consistent with the fact that mountain

species are particularly temperature-limited (Charru et al, 2017). Nevertheless, the
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positive effect of climate change on SDH could turn negative if temperature continue to
increase and precipitation continue to decrease, due to saturation of the positive partial
effect of temperature increase and the negative partial effect of precipitation (or climatic
water balance ) decrease (cf. section 4.3.). Studies have already found observations of
negative impacts of climate change on growth under water limitation (Lindner et al., 2014)
or projected negative impacts on site index of future climate change Albert and Schmidt
(2010). We also found such negative effects of climate change for Pseudotsuga menziesii and
Quercus robur. The negative effect on Castanea sativa should be interpreted with caution

(see 4.3).

4.4.2. Intraspecific analysis

Our results confirm our hypothesis H2b that, for a given species, the impact of climate
change over the last century varied among stands depending on their climate context.
Intraspecific variation in the impact of climate change on site index can be related to
differences in environmental conditions, management history, or plant genetics (Kremer et
al., 2012). Here, we focused on the first dimension, as the French NFI does not provide data
on management history or genetics. The intraspecific relationship we found between
climate change effects and initial stand temperature for a large number of species reflects
that, for a given species, different climatic contexts produce different growth limitations
(Lindner et al.,, 2014; Kunstler et al.,, 2021; Guyennon et al., 2023). For nine species, our
results suggest that climate change alleviated a temperature limitation at the cold edge of
the species’ distribution in France, while it had only a small positive or even negative effect
on stands at the warm edge of the distribution. Such a pattern is consistent with the results

of Albert and Schmidt (2010), Messaoud and Chen (2011) and Ols et al. (2020). The
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mountain species we analyzed (Abies alba, Picea abies, Larix decidua) follow this pattern,
which is consistent with the temperature limitation they experience at high altitudes
(Charru et al., 2017). Finally, Pinus halepensis follows the same pattern, probably because it
is adapted to warmer climates than that of France. For the other species, the identification
of intraspecific patterns relating climate change effects to the reference climate is more

complex.

4.5. Implication for management

Our results raise awareness of the risk of switching from positive climate change effect on
SDH to negative effects due to ongoing climate change. The magnitude and timing of this
switch for a given stand will depend on the species, the current climatic context and the
climate change that the stand will experience. Our results may help forest managers to
identify which species to favor when managing a pure even-aged stand. Furthermore, our
models could be used to project SDH dynamics under future climate scenarios, although
caution should be taken when running simulations outside the calibration range of
empirical models. Thus, it may be useful to integrate our work into models used to inform

management strategy.

Our results also suggest that climate change may alter the relative competitiveness of
species for light in mixed stands, due to interspecific differences in the effect of climate
change on SDH dynamics. This may lead to changes in forest composition if climate change
penalizes the height growth of some shade-intolerant species more than the height growth
of shade-tolerant species (Bontemps et al., 2012; Messaoud et al., 2022). Taking this effect

into account is important for the management of mixed stands. This is even more true in a
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context where forest managers are encouraged to diversify species to adapt forests to

climate change.

5. Conclusion

For 20 European species, we developed stand dominant height dynamics models taking
into account annual climate, based on data from more than 17,000 forest stands surveyed

by the French National Forest Inventory and a 150-years climate database.

We found that climate change over the past century had contrasting effects between and
within species. For the majority of species studied, most stands have benefited from climate
change, as shown by comparing the average climate of 1891-1920 with the actual recent
climate of 1950-2020. For some species, however, we found that a significant percentage of
stands were already experiencing negative impacts. The relationship between temperature
and within-species differences in climate change effects suggests that climatic context may

drive differences in response to climate change for a given species.

These results suggest that future forest response to continued climate change will vary by
species, initial stand climate context, and stand climate trends. They also suggest that
continued increases in temperature and decreases in summer precipitation may lead to
more negative trends than observed in the past. Consideration of these different aspects is

critical to inform management to adapt forests to future climate change.
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Additional files

Supplementary Material (provided in a separate file) contains additional information

regarding some points mentioned in the main text

R code to prepare data, calibrate models and analyze results as well as model
parameters are available at

https://github.com/matthieucombaud/paper_dominant-height-20-species

Data Availability Statement

French NFI data that support the findings of this study are openly available at IGN -
Inventaire forestier national frangais, Données brutes, Campagnes annuelles 2005 et

suivantes, https://inventaire-forestier.ign.fr/datalFN/. NFI's stands exact altitudes

were obtained from IGN - Inventaire forestier national (contact: https://www.ign.fr)

FYRE climate data that support the findings of this study are openly available on
Zenodo, for precipitation (Devers, Alexandre, Vidal, Jean-Philippe, Lauvernet, Claire,
& Vannier, Olivier. (2020a). FYRE Climate: Precipitation [Data set]. Zenodo.

https://doi.org/10.5281/ZENODO.4005573) and for temperature (Devers,

Alexandre, Vidal, Jean-Philippe, Lauvernet, Claire, & Vannier, Olivier. (2020b). FYRE

Climate: Temperature [Data set]. https://doi.org/10.5281/zenodo.4006472)

Safran climate data were obtained from Meteo France through the SICLIMA platform

(https://agroclim.inrae.fr/siclima/). Meteo France can be contacted through the

webpage https://donneespubliques.meteofrance.fr/
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